Background: Microbial ecologists often employ methods from classical community ecology to analyze microbial community diversity. However, these methods have limitations because microbial communities differ from macro-organismal communities in key ways. This study sought to quantify microbial diversity using methods that are better suited for data spanning multiple domains of life and dimensions of diversity. Diversity profiles are one novel, promising way to analyze microbial datasets. Diversity profiles encompass many other indices, provide effective numbers of diversity (mathematical generalizations of previous indices that better convey the magnitude of differences in diversity), and can incorporate taxa similarity information. To explore whether these profiles change interpretations of microbial datasets, diversity profiles were calculated for four microbial datasets from different environments spanning all domains of life as well as viruses. Both similarity-based profiles that incorporated phylogenetic relatedness and naïve (not similarity-based) profiles were calculated. Simulated datasets were used to examine the robustness of diversity profiles to varying phylogenetic topology and community composition. Results: Diversity profiles provided insights into microbial datasets that were not detectable with classical univariate diversity metrics. For all datasets analyzed, there were key distinctions between calculations that incorporated phylogenetic diversity as a measure of taxa similarity and naïve calculations. The profiles also provided information about the effects of rare species on diversity calculations. Additionally, diversity profiles were used to examine thousands of simulated microbial communities, showing that similarity-based and naïve diversity profiles only agreed approximately 50% of the time in their classification of which sample was most diverse. This is a strong argument for incorporating similarity information and calculating diversity with a range of emphases on rare and abundant species when quantifying microbial community diversity. Conclusions: For many datasets, diversity profiles provided a different view of microbial community diversity compared to analyses that did not take into account taxa similarity information, effective diversity, or multiple diversity metrics. These findings are a valuable contribution to data analysis methodology in microbial ecology.
Background
With the widespread use of culture-independent, highthroughput sequencing technologies, ecologists have begun to describe the diversity of microbial communities that were previously difficult to detect e.g., [1] [2] [3] . Given the newness of these data types and the fact that the aims and goals of microbial studies are usually similar to those of macro-ecology, microbial ecologists often use methods from classical community ecology to analyze their data. These include Shannon's H [4] , Berger-Parker Evenness [5] , rarefaction, and ordination [6] .
While the use of established ecological metrics to analyze microbial diversity may sometimes be appropriate [7] , the data produced by ecologists surveying macroorganismal communities differ from data obtained by high-throughput sequencing of microbial communities in three key ways. First, in contrast to plant and animal assemblages, microbial assemblages are typically made up of more than one domain of life, thus necessitating the ability to quantify diversity across very disparate organism types. Second, many classical indices assume ecological communities are composed of unique species. However, traditional biological species concepts do not fit the natural histories of many microbial taxa that routinely undergo non-homologous recombination [8] [9] [10] and sometimes lack sexual reproduction. (It is worth noting that the concept of species is widely questioned for macro-organisms as well [11] .) Finally, unlike with macroorganisms, researchers are often unable to directly observe and characterize microbes and their traits in situ [12, 13] . The taxonomic/phylogenetic and functional genes of environmental microbes are now commonly sequenced, but it is still very difficult to link the taxonomy of an individual microbe to the environmental functions it carries out.
These differences create methodological issues when discrete, taxonomic-based metrics are used to analyze microbial community datasets. The culture-independent approaches employed by microbial ecologists usually survey a variety of genes, intergenic spacers, and transcripts, which are typically classified into discrete, taxonomic bins called Operational Taxonomic Units (OTUs). Homologous genetic fragments that share less than a certain percentage of nucleotide polymorphisms are classified as being in the same genus or species (e.g., 97% similarity of the 16S gene is widely uses for "species") [14] [15] [16] . This cutoff fails to adequately include the homology (and thus shared ecological function) with which the species concept was originally conceived.
The limitations of applying traditional diversity indices to microbial datasets lacking clear species delineations leave a number of questions: How can we quantify diversity using methods that are better suited for microbial datasets which span multiple domains of life? Does including similarity in our analyses change our interpretation of patterns of microbial diversity? What is the utility of including multiple dimensions of microbial diversity (i.e., taxonomic and phylogenetic) in our analyses?
One promising new way to analyze microbial community diversity and address these questions is through the use of diversity profiles, which were recently developed by Leinster & Cobbold [17, 18] . These profiles are graphs that are used to display effective numbers of diversity (i.e., effective diversities). Effective diversities are mathematical generalizations of previous indices that behave much more intuitively, satisfying a number of desirable mathematical properties that provide meaningful percentage and ratio comparisons [19] . This is useful because many indices that have been traditionally used to describe macro-organismal community diversity and evenness can be quantitatively unintuitive (Inverse Simpson's Diversity Index, Shannon's Entropy, Gini-Simpson Index, etc.). For example, a community comprised of 10 hawks and 10 hummingbirds might experience a 50% decrease of both species, resulting in five hawks and five hummingbirds, but this change would not manifest as a 50% decrease in either Simpson Diversity or Shannon Diversity. Due to this, Hill [19] and later Jost [20] formulated effective number diversity metrics, which are simple entropies weighted by an order parameter, q. As the q parameter increases, the relative weight given to rare taxa in diversity index calculations declines. The effective diversity of order zero (q = 0) is equivalent to species richness (the total number of entities), order 1 is proportional to the Shannon index, and q = ∞ is a measure of pure evenness [17] .
Diversity profiles significantly improve these previous calculations of effective diversity by adding community similarity information into diversity calculations, using a similarity matrix, Z. The term "similarity" is used by Leinster & Cobbold to refer to the degree of distance or difference between organisms. The similarity matrix can accommodate genetic similarity, phenotypic similarity, or any other biologically meaningful source of similarity between two or more entities. Incorporating this information into similarity-sensitive calculations of community diversity can greatly alter conclusions regarding diversity levels [17] . For example, when taking into account similarity between taxa, a bird community comprised of one hawk, one hummingbird, and one goose would be more diverse than a community of three distinct hummingbird species. However, if similarity between taxa were not taken into account, these communities would be classified as equally diverse.
For microbial communities, which are often characterized by phylogenetic molecular markers, the use of a metric based on the average evolutionary relatedness of a community conveys more information on the uniqueness and potential function of that community than does a discrete, OTU-based approach [21] . Recent work by Chao and colleagues [18] , which expands on research by Faith [22] , develops a measure of effective phylogenetic diversity. Effective phylogenetic diversity scales traditional diversity metrics by the hypothesized shared evolutionary history between taxa. Calculating phylogenetic diversity requires scaling raw taxonomic diversity by the shared evolutionary branches in a phylogeny. These branches can be either time-calibrated (ultrametric) or non-ultrametric. Even if a phylogeny is unavailable, the inclusion of cladistic data can be meaningful, if they accurately model shared ancestry within the study community. If the relative abundances of taxa or sequences are known, branches can also be weighted by abundance to compare the phylogenetic evenness among samples [23] .
Given the differences between microbial and macroorganismal community data, the primary objective of this study was to evaluate the use of diversity profiles when analyzing microbial assemblages to determine whether the inclusion of similarity data (in our case, phylogenetic data) changes our interpretation of experimental and observational data. First, to explore whether diversity profiles alter our interpretation of microbial diversity data, we calculated diversity profiles for four datasets from different environments containing all domains of life and viruses. For comparison purposes, four statistics of pairwise community dissimilarity were calculated for the microbial datasets and plotted as dendrograms. Because diversity profiles can take into account the similarity of taxa and the relative importance of rare versus abundant taxa, we sought to evaluate how incorporating the phylogenetic similarity of taxa provides a different view of microbial diversity compared to traditional taxonomy-based metrics.
Second, we looked for evidence of bias and robustness of phylogenetic diversity profiles using simulated communities. We created numerous communities that varied in their rank abundance distributions, tree topologies, and whether ultrametric or non-ultrametric trees were used. Tree topologies were also simulated to create communities that spanned a large range of tree balances. Tree balance is determined by evolutionary processes, in particular lineage divergence and extinction rates and patterns, which differ greatly among real microbial communities [24] . We wanted to compare how "naïve" diversity profiles (what Leinster & Cobbold term calculations that do not take taxa similarity information into account [17] ) and similarity-based diversity profiles are influenced by the topological characteristics (e.g., tree ultrametricity, tree balance) of the sampled communities. We tested the concordance between taxonomic and phylogenetic measures of diversity and composition. We predicted that since OTU-based metrics are discrete transformations of phylogenetic measures, they would generally agree. Simulations (and real data) were also used to test whether this concordance is correlated with aspects of the sampled community including aspects of its phylogenetic topology, richness, and abundance distribution. Our analyses indicate that phylogenetic diversity profiles provide insights into microbial community diversity that would not be discernible with the use of traditional univariate diversity metrics.
Methods

Diversity profiles
Diversity profiles were calculated for experimental, observational, and simulated microbial communities, as presented in detail by Leinster & Cobbold [17] . Briefly, consider a fully sampled community that contains S unique species. The relative abundances of the species are calculated by p 1 , . . . , p s , such that p i ≥ 0 and ∑ S i¼1 pi ¼ 1. Because p i ≠ 0, diversity profiles consider only species that are actually present in a community.
Information regarding the similarities between species in the community is taken into account by a matrix Z = (Z ij ). The matrix has dimensions S X S, and Z ij measures the similarity between the ith and the jth species. Similarity is scored such that 0 ≤ Z ij ≤ 1, so that 0 represents complete dissimilarity between two species and 1 represents identical species. When similarity information is not available, or authors do not wish to include it, Z ij = 1 in all cases, and this results in a naïve calculation.
Diversity profiles were then calculated across the range of a sensitivity parameter, q, for the values of 0 ≤ q ≤ ∞. At low values of q, such as q = 0, calculations of diversity are sensitive to rare taxa, and as q moves toward ∞, diversity calculations become more and more insensitive to the contributions of rare taxa.
For q ≠ 1, ∞, the diversity profile calculation is thus
is an effective number, and for certain values of q and Z, q D Z (p) corresponds to a commonly used diversity index. For example, for naïve diversity profiles that do not take into account similarity between species, q = 0 is equivalent species richness, q = 1 is proportional to Shannon Diversity [4] , q = 2 is proportional to 1/D (inverse Simpson Diversity) [25] , and as q moves toward ∞, it is a measure of 1/Berger-Parker Evenness [5] .
We calculated diversity profiles for 0 ≤ q ≤ 5. When plotting the profiles, we created larger insets for 1 ≤ q ≤ 2 [26] . For a more detailed description of the formulae used to calculate diversity profiles (e.g., their relationship to wellknown diversity metrics, their potential benefits in diversity studies, examples of diversity profiles applied to macro-organism community datasets), refer to Leinster & Cobbold's work [17] .
Environmental microbial datasets
Diversity profiles were used to quantify the diversity of four microbial datasets obtained from different environments containing bacterial, archaeal, fungal, and viral communities. The original four studies were conceived independently by co-authors of the current study, and we utilized these existing datasets to explore applications of diversity profiles to microbial community data. Providing complete details of each study is beyond the scope of the current study, but we have included brief descriptions of the studies' methods below, and the research questions and hypotheses that shaped the design of each study are detailed in Table 1 . We have also provided predicted outcomes of each of the studies, based on data and hypotheses from the original studies (Table 2 ). For further details of each study, please refer to the publications cited below.
Acid mine drainage bacteria and archaea
Total RNA was purified from eight environmental biofilm communities, collected from the Richmond Mine at Iron Mountain, Northern California in 2010 and 2011. In addition, total RNA was extracted from five biofilms grown in laboratory bioreactors using Richmond Mine inoculum in 2009 and 2010. Biofilms were collected or harvested at varying stages of development, ranging from early (GS0), mid (GS1), and late (GS2), as described previously [27] .
RNA from all 13 samples was converted to cDNA and subject to Illumina library preparation and sequencing at the University of California Davis. Six environmental samples (from locations Env-1, Env-2, Env-3) and two bioreactor samples were sequenced using the HiSeq 2500 Illumina platform. Two environmental samples (from locations Env-2 and Env-4) and three bioreactor samples were sequenced using the GAIIx Illumina platform. A total of 256 million 75-100 bp long-reads were mapped to the small subunit (SSU) rRNA Silva database (including Archaea, Bacteria and Eukarya) with a similarity cutoff of 97% identity. SSU rRNA reads were then assembled using Cufflinks [28] , and clustered at 97% identity using uclust [29] . SSU gene sequences were aligned using the SINA aligner webserver, and a phylogenetic tree was constructed using FastTree with options -gtr -nt -gamma. Normalized counts values obtained from Cufflinks were used as a measure of abundance of SSU rRNA genes sequences, as described earlier [27] .
Hypersaline lake viruses
As previously described in detail [30, 31] , eight surface water samples were collected from two locations (A and B) Table 1 Research questions and hypotheses that shaped the design of the four environmental microbial community datasets
Research questions Hypotheses
Acid mine drainage bacteria and archaea 1) Are environmental (Env) samples more diverse than bioreactor (BR) biofilms?
H1: Bioreactor growth conditions usually have a higher pH than the environment, and the geochemistry of the drainage might differ from growth media. Thus, environmental biofilms are expected to be more diverse than bioreactor-grown biofilms.
2) Is biofilm diversity higher at higher stages of biofilm development?
H2: As biofilms begin to establish, early growth-stage biofilms are expected to be less diverse. As they mature, more organisms join the community, increasing diversity.
Hypersaline lake viruses 1) How do viral diversities change across spatiotemporal replicates?
H1: Viral diversity will be greatest in pools with larger volume (2010A and 2007A samples).
H2: Community dissimilarity will cluster by site, then by year.
Subsurface bacteria 1) Does acetate addition affect the diversity and composition of soil microbial communities?
H1: Acetate addition will stimulate growth of a subset of the microbial community capable of using it as an electron donor.
2) Does vanadium addition affect the diversity and composition of soil microbial communities?
H2: Vanadium addition will reduce the diversity and evenness of the communities and favor those who can both use acetate as an electron donor and vanadium as an electron receptor and/or tolerate vanadium at high concentrations.
Substrate-associated soil fungi 1) How do plant community type (forest vs. grassland), substrate type (wood vs. straw), and time (6 months vs. 18 months) affect saprotrophic fungal assemblages? H1: Wood substrates will be more diverse than straw substrates, because the wood substrate is more complex and requires a larger group of fungi to decompose it compared with a simpler substrate, such as straw.
H2: Plant community type will have a greater effect on diversity than substrate type or time, because it will determine which fungi can colonize a substrate. In the summer, when samples were collected, the lake dries and leaves residual briny "pools" in a few isolated sites. Sites A and B are different pools~300 m apart. Post-0.1 μm filtrates were concentrated via tangential flow filtration for the collection of viral particles, followed by DNA extraction and metagenomic sequencing. 454-Titanium technology (~400 bp reads) was used to sequence samples 2010Bt1 and 2010Bt3, and Illumina GAIIx paired-end technology (~100 bp reads) was used to sequence the remaining six samples, for a total of 6.4 billion bp. Previous analyses of these data show that there was no observable difference between the 454-Titanium data and the Illumina data [30] [31] [32] . Each sample was assembled separately via Newbler [33] , ABySS [34] , or Velvet [35] . Genes from all contigs >500 bp were predicted with Prodigal [36] , and predicted genes longer than 300 bp were retained and clustered at 95% nucleotide identity, using uclust [30] . Corresponding predicted proteins were separately 1) annotated with InterProScan [37] and 2) clustered at 40% amino acid identity, using uclust [30] . In the absence of a universal marker gene, six viral "OTU groups" were chosen [32] . Three were used for this study: methyltransferases (the most abundant annotation), concanavalin A-like glucanases/lectins (the most abundant annotation likely to be exclusive to viruses), and Cluster 667 (one of the largest protein clusters of unknown function). Proteins for each OTU group were aligned with MUSCLE [38] , and a phylogenetic tree was constructed from the alignments, using FastTree [39] with default parameters.
Subsurface bacteria
DNA was extracted from five sediment samples taken from in situ flow-through columns buried in sampling wells in a shallow, uranium and vanadium-contaminated aquifer in Rifle, Colorado as described previously [40] . Samples were from background sediment (B), sediment stimulated with carbon and vanadium addition (V1, V2), and sediment stimulated with carbon addition alone (A1, A2). Universal primers and gradient PCR were used to amplify the 16S small subunit ribosomal RNA gene from the organisms sampled.
HiSeq Illumina paired-end technology was used to sequence 2.7 megabases of PCR product at the University of California, Davis. The sequencing consisted of 26,954,412 100-base pair reads. Reads were mapped to reference sequences from the Silva database with the EMIRGE iterative algorithm [41, 42] . The genes were aligned to each other, using the SSU-align software [43] . The alignment was automatically masked with the ssu-mask program. Bacterial OTUs were then clustered at a 97% nucleotide identity cutoff, using usearch [29] . A phylogenetic tree was constructed with the aligned sequences via the FastTree [40, 44] .
Substrate-associated soil fungi
The goal of this study was to determine if substrate, space, time or plant community were the major determinants of fungal saprotrophic community composition. Sampling of buried substrates (straw and wood blocks) occurred on Bolinas Ridge on Mount Tamalpais in Marin County, California, USA along four 10 × 10 m blocks in 2007 and 2008, as previously described [45] . Two blocks were in the coastal grassland and two blocks were in the adjacent forest dominated by Pseudotsuga menziesii. The region is characterized as having a Mediterranean climate with a seasonal summer drought. DNA was extracted from 32 bait bags filled with sterile wheat straw and 32 small conifer wood blocks that had been buried (<10 cm) in both the grassland and forest blocks (16 straw samples and 16 wood samples were buried in each plant community type). Half of the straw and wood substrates were buried for six months (time point 1), while the others were buried for 18 months (time point 2). DNA was purified, and the LSU region (LROR_F [46]/ LR5-F [47] ) was PCR amplified with 10 bp MID barcodes. 454 Pyrosequencing 1/8 of a plate resulted in a total of 123,117 LSU sequences. Reads were trimmed and filtered using the QIIME software [48] . Non-fungal taxa, sequences that resulted in no BLAST matches, and singletons were removed from the analysis. OTUs were conservatively determined at 95% sequence similarity. FastTree [39] was used for phylogenetic tree building in QIIME. For community analyses, only samples with at least 600 LSU sequence reads were included.
Analysis of datasets
Diversity profiles for each dataset were calculated using an R code adapted from Leinster & Cobbold [17] . For each community, both naïve diversity profiles and diversity profiles that took into account similarity information derived from the community phylogenies were calculated. The resulting profiles were then compared and analyzed. Specifically, we sought to identify differences between naïve and phylogenetic measures of diversity and community composition that would affect our interpretation of patterns in the data. The topology of the phylogenetic trees constructed from these datasets were quantified using Colless' I tree balance statistic [49] with Yule normalization; high values of Colless' I correspond to imbalanced, asymmetric trees and low values correspond to more balanced trees (Table 3) .
In order to compare the diversity calculations produced by diversity profiles to more traditional calculations of community composition for the same datasets, four different statistics of pairwise community dissimilarity were computed (abundance-weighted Jaccard, unweighted Jaccard, abundance-weighted UniFrac, and unweighted UniFrac). The Jaccard index, is the ratio of the number of taxa shared between two samples to the total number of taxa in each sample and then this ratio subtracted from one [50] . Pairwise phylogenetic dissimilarity for each sample was calculated using the UniFrac method [51] . This metric measures the proportion of unshared phylogenetic branch lengths between two samples. Ward's minimum-variance method [52] was used to complete hierarchical clustering on the samples based on each dissimilarity metric and plot them as dendrograms. Please see Additional file 1 for these results.
Simulations
We simulated hundreds of microbial communities in order to better measure the degree to which differences between naïve and similarity-based diversity profiles are influenced by the abundance and phylogenetic distributions of microbial communities. Each simulated community was distributed according to one of four possible commonly fitted rank abundance distributions (Log Normal, Geometric, Log Series, or Uniform) and had a random phylogenetic tree topology. Tree topologies were simulated so as to create communities that spanned a large range of tree imbalances. Tree imbalance was quantified using Yule normalized Colless' I tree balance statistic [49] . Lastly, all trees were simulated in both ultrametric and non-ultrametric versions to test the effects of branch lengths on the diversity profiles.
To look for systematic differences between naïve and phylogenetic diversity profiles, we repeatedly (100 times) took a random sample of OTUs from two simulated communities and calculated the proportion of times that the naïve and phylogenetic diversity profiles agreed on which random sample was more diverse. We analyzed whether agreement between naïve and similarity-based diversity profiles systematically differed based on numbers of OTUs sampled, whether trees were ultrametric or non-ultrametric, Fisher's alpha diversity values, or tree imbalance values. 
Results and discussion
Given the potential limitations of applying traditional diversity indices to microbial datasets produced by high-throughput sequencing, we sought to evaluate microbial diversity using methods that might be better suited for microbial taxa that span multiple domains of life and multiple dimensions of diversity (e.g., taxonomic, phylogenetic). The advantages of using diversity profiles are that they encompass a number of other common diversity indices and allow for the incorporation of species similarity information. We systematically tested diversity profiles as a metric for quantifying microbial diversity by analyzing four natural experimental and observational microbial datasets from varied environments that contained bacterial, archaeal, fungal, and viral communities. (Refer to Table 4 for summaries of these datasets.) For each of the four datasets, we specified plausible alternative hypotheses for the ecological drivers of each community's diversity (Table 1) , as well as expected results ( Table 2 , Additional file 1: Table S1 ). Additionally, we tested diversity profiles on the simulated microbial datasets.
Naïve microbial diversity comparisons may vary with the sensitivity parameter, q
Diversity profiles calculated from the experimental and observational datasets provided insights into microbial community diversity that would not be perceivable through the use of a classical univariate diversity metric. The sensitivity of diversity profiles to rarity greatly affected diversity measurements. Richness calculations count all taxa equally, greatly overestimating the contribution of rare taxa to diversity, whereas diversity measurements at high values of q are insensitive to the contribution of rare OTUs. Diversity profiles illustrate this stark contrast and highlight the question of the importance of ultra-rare taxa, the "rare biosphere" of Sogin et al. [53] . Previously, these ultra-rare taxa were not included in diversity calculations because they were not detected using older methods of measuring microbial taxa (clone libraries, low depth sequencing, DGGE, etc.). Newer techniques such as deep short-read sequencing have revealed the existence of these taxa, but introduced more bias into older diversity indices such as species richness calculations. The datasets analyzed here demonstrate the importance of rare taxa. 159 SSU-rRNA sequence fragments were identified in 13 biofilms. The number of reads and SSU-rRNA sequences assembled from the GAIIx and the HiSeq platforms differed greatly; thus the rarefied data from these sequencing methods were analyzed separately (HiSeq: Figure 2 , GAIIx: Additional file 1: Figure S1 ). Figure S2 , Concanavalin: Additional file 1: Figure S3 , Cluster 667: Figure 1 ).
Hypersaline lake viruses
Subsurface bacteria
DNA was extracted from 5 sediment samples taken from in situ flow-through columns buried in sampling wells in a shallow, uranium and vanadium-contaminated aquifer: background sediment (B), sediment stimulated with carbon and vanadium addition (V1, V2), and sediment stimulated with carbon addition alone (A1, A2). HiSeq Illumina was used to sequence 16S SSU-rRNA PCR product.
25,966 OTUs were identified from 5 subsurface samples (Figure 3 ).
Substrate-associated soil fungi DNA was extracted from 32 straw bait bags and 32 wood blocks that were buried in grassland and forest (16 straw and 16 wood in each). Half of the substrates were buried for six months (time point 1) and half for 18 months (time point 2). 454-Titanium was used to sequence the PCR amplified LSU region. This is clearly indicated by the viral data from the hypersaline lake viruses dataset. For the viral gene clusters described in this study, there was some disagreement in the relative diversity rankings of samples across the range of q plotted in all three naïve diversity profiles (Table 1, Figure 1 , Additional file 1: Figures S2, S3 ). First, if diversity of the putative genes falling under Cluster 667 were analyzed with the naïve analysis using only species richness (q = 0 in the diversity profile), the resulting calculations would have indicated that the 2009B sample was the most diverse ( Figure 1 ). However, by q = 1 (which is proportional to calculating Shannon index) and for all higher values of q, the sample 2009B had the lowest diversity within the dataset. This change in ranking at higher values of q indicates that the 2009B sample had many rare taxa, because as q increases, the weight given to rare taxa in diversity profile calculations decreases [17] . Secondly, in the naïve diversity profile for the putative methyltransferase group, the lines representing the diversity of the 2007A, 2009B, and 2010B samples crossed each other numerous times between q = 0 and q = 5 (Additional file 1: Figure S2 ). Lastly, in the naïve profile for the putative concanavalin A-like glucanases/lectins group, the 2010B samples were as diverse as or more diverse than the 2007A samples at q = 0, but the diversity of 2010B samples dropped sharply and remained lower than all other samples after approximately q = 0.5 (Additional file 1: Figure S3 ). In the case of viral diversity, ultra-rare taxa play an important role in rapid evolution to allow new viruses to infect hosts that are constantly evolving defense mechanisms. Thus, diversity calculated at low values of q, which are sensitive to rare taxa, is the more appropriate measure of viral diversity.
We see similar results for the acid mine drainage dataset. At q = 0 (species richness) in the naïve analysis, the Env-3 at growth stage 2 sample is the most diverse sample, but the sample's diversity decreases and is surpassed by the growth stage 0 bioreactor sample and both Env-1 samples between q = 1 and q = 2 (Figure 2) , demonstrating that the bioreactor and Env-1 samples were less even than the Env-3 sample at growth stage 2. Thus, for this dataset as well as for the hypersaline lake viruses dataset, evaluating the diversity of the microbial communities at multiple values of q leads to a different interpretation of the results and response to the original hypotheses (Table 1) .
Diversity profiles do not always add new information to analyses of natural microbial datasets. In some cases, such as with the naïve profiles of the subsurface bacteria dataset, the most diverse samples in a dataset were always calculated as the most diverse, across the entire range of q in the naïve profile ( Figure 3) . Thus, whether we quantified diversity using species richness, Shannon diversity, or diversity profiles, we would arrive at the same result. In general, our findings provide evidence for the utility of diversity profiles to analyze microbial datasets, even when similarity information is not taken into account, because they allow researchers to visualize multiple diversity indices across the range of q in the same place after just one calculation. They also clearly provide information about the effects of rare species in a sample on diversity calculations.
Similarity information may alter microbial diversity calculations
The analyses presented here demonstrate the value of using diversity profiles to incorporate phylogenetic diversity as a measure of taxa similarity into diversity calculations. For all four microbial datasets we analyzed, we saw key distinctions between naïve taxonomic diversity calculations and those that incorporated phylogenetic information. For example, in the subsurface bacterial dataset, naïve measurements of OTU richness for each treatment indicated that the background sample (no treatment) contained the highest diversity for all values of q (Table 2, Figure 3A) . Additionally, naïve measurements of both acetate-only samples were more diverse than the samples amended with both acetate and vanadium. These were the expected results as the experiment involved a treatment that should have selected for taxa that could use acetate as a carbon source and vanadium as an energy source ( Table 1) .
Phylogenetic results, on the other hand, suggested that the vanadium-acetate samples were as diverse as background samples and more diverse than the acetate-only treatments ( Table 2 , Figure 3B ), indicating that perhaps the ability to use vanadium for energy or to tolerate its presence was more phylogenetically widespread than expected. Previous analysis of these data using Faith's phylogenetic diversity metric found the background sediment to be most phylogenetically diverse [40] , which Figure 3B also shows at q = 0. However, the crossing of the background sample and the acetate and vanadium treated samples when 1 ≤ q ≤ 2 in Figure 3B indicates a greater diversity of common taxa in the treated sites. This indicates that adding abundance information to measures of phylogenetic diversity through the use of diversity profiles can add depth to the interpretation of diversity calculations.
In another example, in forest samples at T = 1 in the substrate-associated soil fungi dataset, wood substrates contained greater naïve taxonomic diversity. This higher diversity on wood substrates compared to straw substrates was hypothesized because the wood substrate is more complex and requires a larger group of fungi to decompose it compared with a simpler substrate, such as straw (Table 1 ). However, the wood substrates actually contained lower phylogenetic diversity than straw substrates (Additional file 1: Figure S4 ). These results indicate that the fungal communities growing on wood substrates contained more member taxa that were closely related to each other, because when phylogenetic similarity was included in diversity calculations, the diversity of wood substrate fungal communities decreased.
Similarly, when analyzing the grassland samples of the substrate-associated soil fungi dataset, the wood substrate samples contained greater naïve taxonomic diversity at both time points than the straw substrates (again, as hypothesized in Table 1 ), within the range of 0 ≤ q ≤ 5 ( Figure 4A ). However, when phylogenetic similarity was included, the fungi growing on straw substrates at T = 1 were more diverse than the fungi growing on wood substrates at T = 1, within the range of 1 ≤ q ≤ 5 ( Figure 4B ). This indicates that the fungal communities growing on straw substrates in the grassland at T = 1 contained taxa that were less closely related to each other (more phylogenetically diverse) than the taxa growing on wood substrates at T = 1, because when phylogenetic similarity was considered, the diversity of straw substrate fungal communities increased. There was also considerable overlap and crossing in the phylogenetic diversity profile between 1 ≤ q ≤ 3, which was not apparent in the taxonomic profile.
This demonstrated capacity of diversity profiles to incorporate effective phylogenetic diversity, as well as other measures of similarity between taxa, is particularly meaningful for analyzing microbial diversity data. Macro-organismal ecologists have long been concerned with the interactions between an organism's traits and aspects of its ecology, such as its niche axes or its role in ecosystem processes [54] [55] [56] [57] . Many macro-eukaryote traits, when mapped to phylogenies, show evidence for phylogenetic conservatism [58, 59] . That is, certain traits are shared more often by closely related taxa than would be expected by chance. Even bacteria and archaea show evidence for trait conservatism, despite the role of nonhomologous recombination in their evolutionary history [60, 61] . This implies that the phylogenetic distribution of a microbial assemblage can, thus, influence ecosystem processes via differences in the suite of traits present. Phylogenetic trait conservatism in microbes also has practical implications, such as potentially guiding current research in drug discovery or biodegradation [62] [63] [64] .
Diversity analyses of environmental microbial samples can span all domains of life. It is thus highly desirable to evaluate and critically assess a method that can address the diversity of a microbial assemblages effectively across domains, as well as across samples with substantial differences in rare membership, while using a full complement of the information contained in DNA and RNA sequence analysis. As there is no universal marker gene for viruses, there are no robust means of determining viral phylogeny from community sequencing data. Apart from a few groups of well-characterized viruses, it is difficult to characterize viral phylogenetic relationships at all. In our similarity-based profiles, we assume that sequence and, therefore, tree similarity are proxies for phylogenetic similarity. This is reasonable for phylogenetically informative genes, such as the SSU rRNA genes in cellular organisms. However, in the case of genes from the hypersaline virus dataset, and any other viral metagenomic data to which diversity profiles may be applied, this is almost certainly not true. In our application of sequence similarity-based diversity profiles to viruses, we essentially (incorrectly) inferred phylogeny from functional genes that are likely subject to extensive horizontal gene transfer. While these genes are still informative in that they might correspond to the host range and thus the viruses' community function, we suggest that naïve diversity profiles will be more useful for analyses of viral assemblages than similaritybased profiles, unless a more robust means of determining viral phylogeny is discovered.
Diversity profile simulations
The four microbial datasets analyzed in this study were well-suited to test the application of diversity profiles to microbial data, particularly because they spanned multiple domains of life and dimensions of diversity. However, while treatment replicates were included in the diversity profiles for two of the datasets (hypersaline lake viruses, subsurface bacteria dataset), they were not included for the other two datasets. Therefore, statistical tests were not performed to determine whether the diversity of a group of samples was significantly higher or lower than other groups. Additionally, while it is noteworthy that we analyzed four unique microbial datasets within this study, our conclusions of how diversity profiles perform when analyzing microbial data were limited based on this relatively small number of datasets.
In order to address these shortcomings of the data, we simulated microbial communities. Simulations allowed us to utilize diversity profiles at the scale of hundreds of simulated microbial datasets with a range of abundance distributions and phylogenetic tree topologies, so that analyses were carried out with greatly increased replication. The major finding from this simulation study is that when we repeatedly took a random sample of OTUs from two simulated communities and compared their diversity, naïve and similarity-based diversity profiles agreed only approximately 50% of the time in their classification of which sample was most diverse (95% confidence interval was 29.8% to 74.6%, mean was 52.2% across all experiments). This finding is a strong argument for analyzing more than taxonomic diversity when quantifying the diversity of microbial communities. The evolutionary or phylogenetic distance among members of microbial consortia is arguably foundational in assessing diversity of these nodes of life that span the domains. It appears that microbial diversity analyses should include similarity information whenever it is available or its omission should be appropriately justified. Such similarity information need not include continuous evolutionary distances, but could be as simple as assigning similarity values based on general taxonomic group.
Our simulations showed that, to some extent, the choice of q did effect the agreement between naïve and similarity-based diversity calculations. Generally speaking, for small positive q values it appears that there was greater agreement between naïve and similarity-based diversity calculations. These differences were statistically significant when the difference in proportion of agreement between two q was~0.15 (based on Z test for two population proportions). Turning to the impacts of tree typology and sample relative abundance distributions, our results showed that the percent agreement between the naïve and similarity-based diversity calculations decreased slightly with increasing skewed abundance distributions ( Figure 5C ) and increasing tree imbalance ( Figure 5D ). This finding is significant because, while tree shape changes greatly between different sized trees [65] , skewed abundance distributions [66, 67] and higher tree imbalances [25, 65] are likely better representations of the majority of true environmental communities than perfectly balanced abundance distributions and phylogenies would be. In contrast, the percent of agreement increased slightly with increasing sample size ( Figure 5A ) and the use of non-ultrametric trees ( Figure 5B ), which are also likely good representations of the majority of true environmental microbial communities that may include thousands of OTUs e.g., [68] and may produce undated non-ultrametric trees. Since these simulations of phylogenetic trees with characteristics that resemble those of real datasets showed both slight increases and decreases in the percent agreement between the naïve and similarity-based diversity calculations, the percent agreement between naïve and similarity-based diversity calculations for real datasets is probably approximately 50%.
Conclusions
This study explored whether similarity-based diversity profiles can aid our interpretation of microbial diversity. The findings indicate that the use of phylogenetic metrics and effective numbers can provide additional insight into the diversity of microbial communities when combined with naïve analyses that do not take into account similarity information or multiple diversity metrics. The ongoing question of how to best analyze microbial community datasets is paramount to deducing the processes that affect the composition and function of microbial communities. The type of information and metric used to measure biological diversity in any study of microbial diversity is a decision that must be well-justified prior to hypothesis testing instead of being made arbitrarily based solely on which metrics are popularly used by plant and animal ecologists. This justification, in turn, should be based on evidence produced by work, such as this study, that has systematically tested the efficacy and utility of these diversity metrics under a range of situations. Proportion of agreement is based on 100 simulations. "black square symbol" (q = 0), "red circle symbol" (q = 1.1) "blue triangle symbol" (q = 3.1), "magenta triangle symbol" (q = 5.1).
Availability of supporting data
The R code adapted from Leinster & Cobbold [17] and used to calculated diversity profiles is available for download and use at https://gist.github.com/darmitage. The hypersaline lake viruses raw sequencing reads are available in the NCBI BioProject (accession number PRJNA81851, http://www.ncbi.nlm.nih.gov/bioproject/? term=PRJNA81851). The subsurface bacteria dataset is available at: http://banfieldlab.berkeley.edu/SOM/ yelton2012/.
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